The problem of detecting cyclic motion, while recognized by the psychophysical community, has received very little attention in the computer vision community. In this paper cyclic motion is formally defined as repeating curvature values along a path of motion. A procedure is presented for cyclic motion detection using spatiotemporal (ST) surfaces and ST-curves. The projected movement of an object generates ST-surfaces. ST-curves are detected on the ST-surfaces, providing an accurate, compact, qualitative description of the ST-surfaces. Curvature scale-space of the ST-curves is then used to detect intervals of repeating curvature values. The successful detection of cyclic motion in two data sets is presented.
Introduction
Many natural objects undergo cyclic motion. Examples include a human walking, a person riding a bike, a running dog, a swinging pendulum, and a bouncing ball. The fact that people perceive these motions as repeating demonstrates that the human visual system (HVS) is capable of detecting cyclic motion. The study of humans' ability to perceive a stimulus as cyclic' dates back to the late 19th century [5] and has continued as an active area of research [8] . While the ability of the HVS to detect cyclic stimuli has been recognized [8] , there is little research in the area. Most of the research concentrates on the human perceptual system's ability to perceive auditory rhythm. In this paper we will examine the detection of cyclic stimuli in vision.
Clearly, the perception of rhythm can be accompanied by a recognition of the rhythm. For example, when Gabrielsson [9] presented subjects with complete musical pattems and measured their perception of rhythm, the subjects could also recognize the pattem if they had heard it before. The analog of this in the visual domain was shown by Johansson [15] using moving light displays (MLD). While the recognition of the rhythms was not central to those studies, one can extrapolate from the results and conclude that the perception of rhythm is accompanied by recognition. This paper addresses the detection of cyclic motion within the context of motion recognition.
There has been considerable work examining the HVS's ability to recognize movement that contains cyclic motion, but the The support of NSF under Grant No. RI-8802436 is gratefully acknowledged. Code for the calculation of curvature scale-space was provided by Fmin Mokhtarian.
'The psychology community refers to a repeating stimulus as "rhythmic" rather than "cyclic". The two are used interchangeably in this paper. detection of the cycles was not the focus of the studies [IS].
Johansson's MLD's contained cyclic motion in the form of human walking, running, cycling and dancing. When subjects were presented with an MLD of walking, they always recognized the motion after the first one or two steps.
Unfortunately, Johansson's work examined subjects' ability to recognize the high-level motion of an MLD, not any particular cyclic motion contained in the MLD. In this paper we address the problem of recovering a cyclic motion description from an input sequence using computational methods. This problem, while recognized by the psychology community, has been largely ignored by the computer vision community. By addressing the computational issues we can better understand the HVS's ability to perform this task.
Properties of the Cyclic Motion Detection Problem
By examining the HVS's ability to recover and describe cyclic motion, we can learn pertinent properties of the cyclic motion detection problem. Further, these properties give a better understanding of the problem and suggest a form of a solution. These properties include: 1) recognition of objects is not necessary for the recovery of cyclic motion; 2) many frames are necessary before cyclic motion becomes evident; 3) cyclic motion does not depend on absolute position; and 4) cyclic motion can occur at multiple scales.
Motion can be described at many levels, f" low-level, detecting that something in the scene has moved between two frames, to high-level, recognition of a "coordinated sequence of events" [lo] . Most previous work has focused on low-level motion analysis [19] .
High-level motion analysis, i.e., recognizing a coordinated sequence of events such as walking and throwing, has been formulated previously as a process which follows high-level object recognition [l, 13,161. Only recently have some researchers considered high-level motion analysis as a process which does not depend on complex object descriptions [ l l , 121. In order to substantiate the hypothesis that motion recognition can occur before object recognition, we will show in this paper that detecting cyclic motion in an image sequence can be performed without prior recognition of the object undergoing the cyclic motion. Other results also indicate that the perception of intermediate descriptions is accomplished prior to recognition of the stimulus. For example, Barrow and Tenenbaum 141 used photomicrographs of pollen grains to argue thht the HVS can recover surface shape and orientation without recognition. When 'Gabrielsson [9] presented subjects with songs, they could detect rhythm within the music even without having heard the song previously. These psychophysical results suggest that intermediate-level descriptions can be recovered prior to object recognition. Further, it is reasonable to conclude that if the H V S is presented with a "movie" of photomicrographs of pollen grains moving in a cyclic fashion, that the HVS could detect the cyclic motion even though it has no familiarity with the objects.
Since cyclic motion of non-recognizable objects, e.g., pollen grains, can be recovered, static models of objects are not a necessary component of a solution. Rather than a model-based solution, a motion-based solution is required. It is not the object itself that is the appropriate level of motion description, but rather the motion of lower-level primitives such as surfaces.
Cyclic motion is an important problem because it is an example of an intermediate-level motion description. It is a lowerlevel description than walking, for example, but it requires more than simply making changes between a few frames explicit, as in low-level motion analysis. Since cyclic motion is an intermediatelevel description, one would expect that it should be computed f" a low-level motion description. The fact that even the simplest of cyclic motions, e.g., a swinging pendulum, requires many frames before its cyclic behavior is recoverable, suggests that the low-level motion representation must describe long-range motion sequences.
Recently, there has been a trend toward using more than a few frames to analyze an image sequence [14] . Cyclic motion description requires long sequences of frames since many frames are required before a motion repeats. These considerations suggest a low-level representation that coherently represents many frames. We use dense spatiotemporal image sequences, created by "stacking" many frames together, as the low-level motion representation. The concise, coherent nature of this representation has also lead others to use it to examine long sequences of frames PI.
Just as cyclic motion detection does not depend on the object undergoing the cyclic motion, as we argued earlier, it also does not depend on the absolute position where the motion takes place. It is not the position that is essential to characterizing cyclic motion, for example, but rather how the object moves that is important. For example, the perception of cyclic walking motion is not dependent on the absolute position of the person because the person is never in the same place at any two separate times. So the definition and detection of cyclic motion must be invariant to position.
Finally, cyclic motion can occur at multiple scales. For example, consider a bird flying in a cyclic pattem. The bird displays the cyclic motion of its flight pattem and also the finer cyclic motion of its flapping wings. Thus, a complete cyclic motion description should describe all levels of cyclic motion.
In summary, we have argued that cyclic motion detection and description 0 does not depend on prior recognition of objects 0 does not depend on absolute position information 0 must make use of long-range temporal sequences 0 must be sensitive to multiple scales The rest of this paper is organized as follows. In Section 2 cyclic motion is formally defined as repeating curvature along a path of movement. Spatiotemporal (ST) surfaces are introduced in Section 3 as the appropriate low-level motion description from which cyclic motion is recovered. Section 3 continues by showing that cyclic motion in the scene which is preserved under projection is retained by the ST-surfaces. It is then shown how to recover the cyclic shape of ST-surfaces using ST-curves and curvature scalespace.
A Formal Definition of the Cycle Detection Problem
Before we can define cyclic motion we must have a representation of motion. We need a representation that makes the essence of cyclic motion explicit. One possibility is to represent the motion of an object by its position over time. However, we are more concemed with what kind of motion occurs rather than where it occurs. Thus, it is not position that is essential to characterizing cyclic motion, but rather how the object moves that is important. For example, the motion produced by a person walking parallel to the image plane is considered cyclic. But clearly this perception of cyclic motion is not dependent upon the position of the walking person because they are never in the same place at any two separate times. We need a definition of cyclic motion that is invariant to the position of the object. Curvature and torsion along the path of movement of an object represents movement and is invariant to position. In fact, the curvature and torsion along the path uniquely defines the path up to a rigid transformation [7] . However, for our puqmses, curvature alone will be sufficient to describe how an object moves. We choose this over torsion because it is possible that some object's motion is restricted to a plane, e.g., a swinging arm. The torsion along this path of motion would always be 0 since torsion along a planar curve is always 0. Curvature, on the other hand, will not always be 0.
In the remainder of this section we define the cycle detection problem for a single point and then extend it to rigid objects. Having defined cyclic motion, we will apply the definition to STsurfaces and curves. We will prove that if an object undergoes 3D cyclic motion which is preserved under projection, then the resulting ST-surfaces must retain this cyclic information. We will show how to place ST-curves on ST-surfaces and how to use these curves to recover the cyclic information.
The Cycle Detection Problem for a Point
Consider the situation of a single point moving in three dimensions. Let a(t) = (x, y , z) parameterize the path of a point.
Since a is a space curve, properties associated with space curves, e.g., curvature, can be applied to the curve defined by a We make no assumptions about the smoothness of a.
Let K(t) define the curvature at Mi). Since we made no assumptions about the smoothness of a it is possible that for some t,
~( t )
is undefined. In this case we will say that K(t) = -. And for tl and t , if Gt,) = -and IC@,) = -then K(t ) -K(t,) = 0. We say that a undergoes cyclic motion with period of fength 5 -tl if:
With this definition, only two periods of cyclic motion are needed before it can be classified as cyclic.
This definition refers to motion in the 3D scene. When we make use of this definition in later sections, we will refer to 3D cyclic motion that is preserved under projection, i.e., cyclic motion along the axes perpendicular to the line of sight. Nature does not usually conspire against us so we assume that if there exists cyclic motion in the image sequence, then there existed cyclic motion in the scene.
There are a few points worth making about the types of movement that would be considered cyclic under this definition. Time intervals during which the curvature in the intervals is similar are defined as cyclic. Consider a point moving in a straight line. The curvature is always zero. So given any two intervals, the curvature will always be equal during these intervals. In this degenerate case, a point displays cyclic motion with an arbitrary period. Similarly, a point moving in a circle with constant speed displays cyclic motion with an arbitraty period since the curvature is constant. This definition fails to define a cycle as one revolution of the circle.
Goddard [ 111 used change in angular velocity as a primitive to detect movements such as walking. A point moving in a circle with constant speed does not change its angular velocity. So Goddard's primitive would also fail to define the period of cyclic motion as one revolution. Similarly, the Trajectory Primal Sketch of Gould and Shah [12] does not directly represent position information so it would also fail to define the period as one revolution. A definition of cyclic motion that is sensitive to such cases would only obscure the type of motion of the point. As stated earlier, it is the type of motion that we wish to detect.
The Cycle Detection Problem for a Rigid Object
Given our definition of cyclic motion for a point, we now extend the delinition to rigid objects. This extension is motivated by the following theorem:
Theorem 2.1: If a point of a rigid body undergoes cyclic motion, then with probability 1 all other points on the rigid body undergo cyclic motion with the same period.
Proof Sketch Any instantaneous motion of a rigid body in three dimensions can be uniquely described by a twist [6] . A twist is described by an axis I, an angular velocity o, and a translational velocity v along I. Since a twist describes the 3D motion of any rigid object, it can be applied to an entire rigid object or a point on the rigid object. In other words, a point on a rigid object can be thought of as a rigid object. Therefore, the point's motion can be defined by a twist. Since a twist is unique, the twist describing the motion of the point must be the same as the twist describing the motion of the entire rigid object that contains the point. Further, the twist must be the same twist describing the motion of any single point on the object. The twists along the path of a point determine the curvature of the path of the point. Let pi be a point feature of a solid object that undergoes cyclic motion and let p2 be another point on the object. Since the motion of pi and p2 are described by the same sequence of twists, the curvature values along the path of p2 will repeat whenever the curvature values for pi repeat. This assumes that p1 does not lie exactly along I, which, in the continuous case, has probability 0. Therefore, with probability 1, if a point on a rigid object undergoes cyclic motion, then all other points on the rigid object undergo cyclic motion with the same period. See [2] for more details. 0
This theorem assumes the objects are moving in 3-space. One would like to know the effect of the projection into a 2D image. In this initial study we assume objects do not rotate in depth. So if a point projects into the image in one frame, it will always project into the image. If a point undergoes cyclic motion, its orthographic projection will also undergo cyclic motion, as will all other points of the rigid object that project into the image. If any point on a rigid object undergoes cyclic motion, all other points on the rigid object undergo cyclic motion with the same period. So we say a rigid object undergoes cyclic motion if any point feature of the object undergoes cyclic motion. And a point undergoes cyclic motion as defined in Section 2.1.
The Cycle Detection Problem for an Articulated Object
An articulated object is composed of rigid objects connected by joints. A rigid part of an articulated object undergoes cyclic motion as defined above. We need a definition of cyclic motion for a set of rigid objects connected by joints. A set of rigid parts of an articulated object undergoes cyclic motion if each rigid part undergoes cyclic motion and there exists a dependency between the periods of cyclic motion. A dependency exists between solid parts if the ratio of their periods remains constant. For example, the ratio of the period of a swinging forearm and the period of the upper arm remains constant for a walking person. This definition is motivated by the fact that most articulated objects that the human visual system would classify as displaying cyclic motion have this dependency property. The definition prevents jointed, rigid objects with no consistent pattern to the periods of their parts from being classified as displaying cyclic motion.
Finding Cyclic Motion of Articulated Objects
We argued earlier for the need of a low-level motion representation that can describe long-range motion sequences.
Spatiotemporal (ST) volumes are 3D structures that are built by "stacking" a dense sequence of image frames. The ST-volume is a viewer-centered, 3D (x-y-time) description. If we sample densely enough in time and an edge operator is applied, the ST-volume will contain surfaces and volumes created by the surfaces. These surfaces and volumes represent object motion swept out through time. The second test data set consisted of 33 frames of a single object with one joint and its two major parts undergoing a "flapping" motion. The two wings "flap" with different periods.
The objects in the scene undergo cyclic motion and the resulting ST-surfaces have an obvious cyclic shape. It is this cyclic shape that we wish to detect since cyclic motion in the scene generates cyclic ST-surfaces. In order to detect this cyclic shape we require a description of the ST-surfaces from which the cyclic shape can be detected. ST-curves, defined in the next subsection, will be detected on ST-surfaces such that if an ST-surface is cyclic the STcurves will be cyclic. For example, Figure 3 .2 shows ST-curves, which are clearly cyclic, generated as a result of following the curvature exwma of the ST-surfaces in Figure 3 .1. So cyclic motion in the scene resulted in cyclic ST-surfaces which resulted in cyclic ST-curves. Finally we can detect the cycles in the ST-curves by detecting repeating curvature values along the curves.
The first step is to show that cyclic motion in the scene generates cyclic ST-surfaces. Theorem 3.1: If a solid object in a scene undergoes cyclic motion such that the cyclic motion is preserved under projection, the STsurfaces that correspond to intervals of cyclic motion will be piecewise isomorphic.
Proof Sketch: Consider an ST-surface such that there exist ridges on the surface and every point on a ridge has the same value for the time coordinate. We call this ridge a temporal ridge since it results from a non-smooth change of velocity of an object at some time.
Define a parch of an ST-surface as the surface between two temporal ridges. Two surfaces are piecewise isomorphic if the first patch of surface 1 is isomorphic to the first patch of surface 2, the second patches are isomorphic, etc. A curve, C, in a sequence of frames generates an ST-surface. The type of movement, translation, rotation or a combination of both, determines the surface generated by C. Given a parameterization of the ST-surface in terms of C and the movement of C, an isomorphic mapping between the corresponding patches of the ST-surfaces can be defined. See [2] for more details. 
Spatiotemporal Curves
In this section we define the term spatiotemporal curve (STcurve). We also show how to detect ST-curves on ST-surfaces so that a set of ST-curves describes the surface. Figure 3 .3 shows a sinusoidal surface with dashed ST-curves that give a qualitative description of the surface. ST-curves will be detected on STsurfaces such that whenever an ST-surface is cyclic the ST-curves are also cyclic.
An ST-curve is any curve on a ST-surface such that the time component of the curve is strictly increasing. Consider p1 and p,, two points on a ST-surface (Figure 3.3) . Let S, and S2 be two congruent surface patches that contain p , and p respectively. That is, S, and S , are neighborhoods of p1 and p2. since S, and S, are congruent, there exists some translation, T, and/or rotation, R, which when applied to S, makes S, coincide with S2. Given an STcurve f, containing p1 and an ST-curve f2 containing p,, f, and f 2 are consistent at p1 and p , if the tangent vectors of f, and f, at p , and p , coincide after translation T and rotation R. f, and f2 are consistent over an interval if they are consistent at every point within the interval. In other words, two ST-curves are consistent if cb) they go in the same relative direction for any two congruent neighborhoods of points on the ST-curves. Note thatf, andf2 can be different intervals of the same ST-curve. Theorem 3.2: If an ST-curve on a ST-surface is consistent and the surface represents cyclic behavior, i.e., if the surface is piecewise isomorphic, then the curvature of the ST-curve will be cyclic.
Proof:
If we can show that the curvature at every point of ST-curve f, within surface patch Sr equals the curvature at the corresponding point of ST-curve f2 within congruent surface patch S2. f, must preserve any cyclic behavior present in the surface. So we must show that given a translation T and rotation R that makes S, and S2 coincide, applying T and R to f, results in f, having the same curvature asf, at every point.
Since the ST-curve is consistent, corresponding tangent vectors along the c w e coincide after a translation and rotation. Since the tangent vectors along fl andf2 coincide, we are left to show that rotation and translation of all the tangent vectors by T and R does not affect the curvature of the space curve. This is equivalent to showing that translation and rotation of a space curve does not affect its curvature [7] .
Since the curvatures of fl and f 2 are always equal for corresponding points, the ST-curves will be cyclic whenever the ST-surface is cyclic. 0 From Theorem 3.2, our only requirements for detecting STcurves are that their temporal component is strictly increasing and they are consistent. If we take a temporal slice of an ST-surface at time 0, we have the edge map of the image of a scene at that time. These edge points can be connected into contours and the curvature extrema detected. Doing this for each time slice and connecting Corresponding curvature extrema over time defines a set of consistent ST-curves.
In our implementation, curvature extrema, positive and negative, whose absolute value was greater than a threshold were detected in each frame and correspondence was established. The linking of the extrema into ST-curves for the two sequences in 
Finding Repeating Patterns in Spatiotemporal Curves
Given a set of consistent ST-curves extracted from STsurfaces, we can now infer cyclic motion from cyclic structure in the ST-curves. All ST-curves which lie on an ST-surface generated by the projection of a rigid object, or rigid part of an articulated object, will have the same period of cyclic motion. ST-curves that track other point features, such as surface markings or vertices, will also have the same period of cyclic motion. We propose using curvature scale-space to detect repeating patterns in ST-curves.
Mokhtarian [le] showed how to construct curvature scalespace images for a space curve. It is constructed much like the traditional scale-space image of a 1D signal. A space curve is one dimensional with curvature values defined at every point along the curve. However, since it is not possible to give curvature a sign for non-planar curves, level-crossings rather than zero-crossings are used to construct the scale-space. The curve is smoothed by smoothing coordinate values of each point on the curve with coordinate values of neighboring points on the curve. As the curve is smoothed, the curvature level-crossings are recomputed. The horizontal axis of the curvature scale-space image is arc length and the vertical axis is the amount of smoothing.
Curvature scale-space has many properties that make it desirable, regardless of the application [18] . Two properties, however, are pruticularly relevant to the problem of cyclic motion detection. Cyclic motion can occur at many scales. Since curvature scale-space represents curvature over many scales, it is a natural representation to use. Fine cyclic motion, e.g., the flapping wings of a bird, will be observable at fine scales, whereas coarse cyclic motion, e.g., a cyclic flight path of a bird, will appear at coarse scales.
Second, curvature scale-space is position invariant. As argued earlier, when looking for repeating pattems we do not want to concem ourselves with spatial information. Curvature scale-space is invariant to position since curvature is invariant to position.
For portions of the curve that are congruent, we expect the corresponding portions of the scale-space to be similar. Since scale-space represents large features as well as small ones, we can use a coarse-to-fine search procedure, first looking for repeating . . patterns at coarse scales where the matching is computationally less demanding, and then moving to finer scales. Figure 3 .4 shows curvature scale-space images for several ST-curves. Features were defined as local maxima along with the two contours that extend to the left and the right of each local maximum. Note that the contours do not extend to the h e s t scale as in traditional 1D scale-space images but the features still resemble arches.
To detect repeating patterns in the features, we used a uniform cost algorithm that is similar to Mokhtarian's [17] . The algorithm begins by creating a node for every possible pair of features in scale-space. A match cost is computed for each node, measuring how different the two features are. Expansion of the lowest cost node continues until a solution is reached, i.e. a repeating pattern has been verified over the entire domain. The final result of the algorithm is the repeating pattem in curvature scale-space with the lowest cost. If the cost of this pattem is above threshold then it is concluded that there is no repeating pattem. The results of this algorithm are shown in Figure 3 .4. The curvature scale-space images on the left were computed from the ST-curves for the translating cube sequence (Figure 3.2a) and the curvature scalespace images on the right were computed from the ST-curves for the flapping wings image sequence (Figure 3.2b) . Cycles are marked with short tick marks across the top of each image. The second and fourth curvature scale-space images on the right of Figure 3 .4 were generated from the ST-curves following the curvature extrema formed by the joining of the two wings. Since these extrema repeatedly disappeared and reappeared they were not accurately tracked and no cyclic pattem was found in the ST-curves.
All consistent ST-curves that lie on an ST-surface generated by the projection of a rigid part will be similar. In particular, Theorems 2.1 and 3.2 show that the ST-curves on this ST-surface will all be cyclic with the same period. Using this property STcurves can be clustered based on the similarity of their cyclic behavior. ST-curves that are not similar are hypothesized to be tracking points on separate rigid objects. In the translating cube sequence the periods of the cycles of all seven curvcs were sufficiently similar that it was concluded that only one rigid object exists in the scene. In the flapping wings image sequence it was concluded from the periods of the cycles that there are two separate rigid parts.
Concluding Remarks
In this paper we defined a procedure for detecting cyclic motion based on tracking curvature extrema in spatiotemporal images. A scale-space representation was then used to efficiently detect repeating pattems. The results show that it is possible to detect cyclic motion without first identifying the object(s) undergoing the motion. However, our results depended on the assumption that objects do not rotate in depth.
The assumption of no rotation in depth was necessary because point tracking was used to detect ST-curves. This assumption can be dropped if we use another method to detect ST-curves. Requiring ST-curves to be lines of curvature is one possibility which would guarantee consistency of the ST-curves.
When the repeating cyclic motion is as simple as the examples shown in this paper, the curvature scale-space consists of spike-like features. Rather than using a uniform cost search, we could compute the Fourier transform of the scale-space image and recover the frequency of the peaks. While this will work for simple repeating curvature values, it is not clear how well it will work for more complicated repeating motions.
In future work we plan to experiment with more complex image sequences, including varying scales of cyclic motion, rotation in depth, and occlusion and disocclusion. Occlusion and disocclusion result in ST-surfaces merging and splitting. Therefore, a segmentation of the ST-surfaces is required so that ST-curves can be detected such that they remain on a single ST-surface.
